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1
PREDICTIVE CLUSTER ANALYTICS
OPTIMIZATION

TECHNICAL FIELD

The subject matter described herein relates to cluster
analysis of data.

BACKGROUND

Cluster analysis or clustering is the task of grouping a set
of data in such a way that data points in the same cluster (e.g.
a group of data points) are more similar (in some sense or
another) to each other than to those in other clusters. Cluster
analysis is frequently employed in exploratory data mining,
statistical data analysis, etc., and is useful in many fields.

Various algorithms that differ significantly in regards to
what is considered to be a cluster and how such clusters are
discovered can be used in cluster analysis. Typical
approaches to clustering include groups with small distances
among the cluster members, dense areas of the data space,
intervals or particular statistical distributions. Cluster analy-
sis is therefore something of a multi-objective optimization
problem. The appropriate clustering algorithm and param-
eter settings (including values such as the distance function
to use, a density threshold or the number of expected
clusters) depend on the individual data set and intended use
of the results. Cluster analysis as such is not an automatic
task, but an iterative process of knowledge discovery or
interactive multi-objective optimization that involves trial
and failure. Using currently available approaches, it is
generally necessary to modify data preprocessing and model
parameters until the result achieves the desired properties.

For at least these reasons, choosing an optimal clustering
algorithm for a large data set can be a challenging decision
requiring a deep understanding of differences between avail-
able clustering methods and of the data set being analyzed.
A user (particularly a non-expert user) who wishes to
perform a cluster analysis on a data set can easily choose a
sub-optimal clustering method, which can result in less the
desirable results.

SUMMARY

Various aspects of the current subject matter can advan-
tageously provide approaches for determining an optimal
model or algorithm to be used for cluster analysis of data
points in a data set. Use of Hilbert curve for indexing the
data can allow identification of dominant sets. When greater
than a threshold amount of the data points in the data set are
within such dominant sets, a centroid model can be identi-
fied as a preferred model for cluster analysis. When less than
the threshold amount of the data points in the data set are
within such dominant sets, a density model can be identified
as the preferred cluster analysis model. Automatic selection
and execution of the preferred cluster analysis is also within
the scope of some implementations of the current subject
matter.

Implementations of the current subject matter can include,
but are not limited to, methods consistent with the descrip-
tions provided herein as well as articles that comprise a
tangibly embodied machine-readable medium operable to
cause one or more machines (e.g., computers, etc.) to result
in operations implementing one or more of the described
features. Similarly, computer systems are also described that
may include one or more processors and one or more
memories coupled to the one or more processors. A memory,
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which can include a computer-readable storage medium,
may include, encode, store, or the like one or more programs
that cause one or more processors to perform one or more of
the operations described herein. Computer implemented
methods consistent with one or more implementations of the
current subject matter can be implemented by one or more
data processors residing in a single computing system or
multiple computing systems. Such multiple computing sys-
tems can be connected and can exchange data and/or com-
mands or other instructions or the like via one or more
connections, including but not limited to a connection over
a network (e.g. the Internet, a wireless wide area network, a
local area network, a wide area network, a wired network, or
the like), via a direct connection between one or more of the
multiple computing systems, etc.

The details of one or more variations of the subject matter
described herein are set forth in the accompanying drawings
and the description below. Other features and advantages of
the subject matter described herein will be apparent from the
description and drawings, and from the claims. While cer-
tain features of the currently disclosed subject matter are
described for illustrative purposes in relation to an enterprise
resource software system or other business software solution
or architecture, it should be readily understood that such
features are not intended to be limiting. The claims that
follow this disclosure are intended to define the scope of the
protected subject matter.

DESCRIPTION OF DRAWINGS

The accompanying drawings, which are incorporated in
and constitute a part of this specification, show certain
aspects of the subject matter disclosed herein and, together
with the description, help explain some of the principles
associated with the disclosed implementations. In the draw-
ings,

FIG. 1 shows a graph illustrating parts of a data set that
are characterized by spherical clustering;

FIG. 2 shows a graph illustrating parts of a data set that
are characterized by spherical clustering;

FIG. 3 shows a graph illustrating a Hilbert curve for data
points exhibiting spherical clustering;

FIG. 4 shows a graph illustrating a Hilbert curve for data
points exhibiting non-spherical clustering;

FIG. 5 shows a process flow diagram illustrating aspects
of a method having one or more features consistent with
implementations of the current subject matter;

FIG. 6 shows a diagram illustrating a database environ-
ment including a column store;

FIG. 7 a diagram illustrating data dictionaries and a
corresponding bit compressed vector; and

FIG. 8 shows a diagram illustrating aspects of a system
showing features consistent with implementations of the
current subject matter.

When practical, similar reference numbers denote similar
structures, features, or elements.

DETAILED DESCRIPTION

Implementations of the current subject matter can include
one or more features that can simplify the process of
choosing a clustering algorithm and that can automatically
choose an optimal clustering algorithm for an end user who
does not explicitly choose one.

In some in-main memory database systems, clustering can
be performed for point data. For example, a Hilbert curve
can be used to index the point data. Hilbert curves (also



US 9,477,745 B2

3

referred to as Hilbert space-filling curves) are continuous
fractal space-filling curves that provide a mapping between
1D and 2D (or 3D) space while reasonably preserving
locality information about data points in a data set. A Hilbert
curve traverses an area or space in a linear manner, and
records for each data point in a data set the distance d from
the beginning of the curve to when the curve encounters
each data point. Data points having relatively similar values
for the distance d can be assumed to be relatively close in the
native coordinate system of the data set. For example, if a
Cartesian coordinate system is used, two points having
similar d values can be assumed to be close to one another
in the (X,Y) or (X, Y, Z) Cartesian coordinate system.

Point data indexed using a Hilbert curve manner can be
useful in conjunction with an approach consistent with the
current subject matter. Indexed point data can be used for
bounding the distance between pairs of points. A distance-
preserved mapping of points resulting from application of a
Hilbert curve can be useful as an input for analysis of
existing distance information to search for typical cluster
patterns. Identification of cluster patterns in this manner can
assist in automated selection of an optimal cluster method
for a given data set.

It can be advantageous to choose a centroid model (e.g. a
K-means algorithm) for spherical clusters, such as for
example the spherical clusters illustrated in the graph 100 of
FIG. 1. Typically a centroid model analysis will lead to good
results for such clusters. For example, the K-means algo-
rithm is neither very complex nor generally requiring of a
long running time. For example, the complexity of a
K-means analysis is typically on the order of the product of
i (e.g. the number of iterations required to converge to a
solution), k (e.g. the number of clusters), and n (e.g. the
number of data points). Data points that are highly spheri-
cally clustered will typically allow convergence in relatively
few iterations (e.g. a low value for 1).

In contrast, for non-spherical clusters, such as for example
the representative non-spherical clusters illustrated in the
graph 200 of FIG. 2, a centroid model analysis more
typically leads most of the time to inappropriate results.
However, a density model (e.g. the density-based spatial
clustering of applications with noise or DBSCAN algorithm)
can have a higher complexity but still be able to handle
non-spherical cluster analysis much more optimally die to
better noise handling capabilities. For example, a DBSCAN
algorithm typically has a complexity on the order of the
number n of data points squared in the worst cases and on
the order of n times the logarithm of n (e.g. nxlog [n]).

The distance information derived from Hilbert curve
indexing of the data points in the data set (e.g. using an
uncompressed Hilbert curve) can be used for detecting
whether data points in a data set are predominantly in
spherical or non-spherical clusters. If a dominant set of
points are occur next to each other on the Hilbert curve, for
example as shown in the graph 300 of see FIG. 3, this can
be interpreted as a point range which builds a spherical
cluster. For example, when more than a threshold amount
(e.g. approximately 50%) of the data points in the data set
are determined to occur in dominant sets, spherical cluster-
ing is assumed to be characteristic of the data points in the
data set. A centroid model, such as for example K-means,
can be selected as the preferred cluster analysis model under
such conditions.

Alternatively, when the threshold amount of data points
within dominant sets is not exceeded, for example as shown
in the graph 400 of see FIG. 4, non-spherical clustering is
assumed to be more characteristic of the data points in the
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data set. A density model (e.g. DBSCAN) can be selected as
the preferred cluster analysis method under such conditions.

A subset of the data points in the data set can be
designated as a dominant set when a first overall similarity
among data points within the set (e.g. internal data points) is
greater than a second overall similarity between points
outside of the set (e.g. external data points) and internal data
points. Dominant sets can be defined by point ranges of
distances along the indexing Hilbert curve. If more than the
threshold number of the data points in the data are inside
point ranges, the parameter k calculated in this manner can
be as a value to initialize the K-means analysis.

The preferred cluster analysis method (e.g. one chosen
based on application of one or more approaches consistent
with those described herein) can automatically implemented
to perform a cluster analysis of the data set. Alternatively,
the preferred cluster analysis method can be presented to a
user for confirmation that the user wishes to proceed with the
cluster analysis using the preferred cluster analysis method.
In some implementations of the current subject matter, a
SQL syntax such as “CLUSTER BY <column> using auto”
can be used to automatically execute the preferred cluster
analysis method.

In further implementations of the current subject matter,
historical performance metrics can be stored for analyses
previously performed using identified preferred cluster
analysis method. These historical performance metrics can
be used to track the effectiveness of the optimization pro-
cesses discussion above. Historical performance metrics can
include one or more of a timestamp, a total execution time,
a number of iterations, a number of ranges, etc. required for
each cluster scan. The stored historical performance metrics
can be analyzed to automatically adjust the threshold for
determining whether the indexed point data should be analy-
sis as spherical clusters or non-spherical clusters, for
example under a given set of circumstances (e.g. k<100) that
apply to a current analysis.

FIG. 5 shows a process flow chart 500 illustrating features
of' a method consistent with implementations of the current
subject matter. Depending on the specific implementation,
one or more of the method features may be included or
omitted. Such a method can be executed by one or more
systems that include computer hardware. At 502, a data set
is indexed using a Hilbert curve. The data set includes a
plurality of data points, and the indexing includes determin-
ing a distance metric for each data point along the Hilbert
curve.

At 504, it is detected whether the data points are pre-
dominantly in spherical or non-spherical clusters. This
detecting can advantageously be accomplished by compar-
ing an amount of the data points designated as being in
dominant sets based on the indexing to a threshold value. As
such, when the amount exceeds the threshold, the data points
are detected to be predominantly in spherical clusters, and
when the amount does not exceed the threshold, the data
points are detected to be predominantly in non-spherical
clusters.

Subsets of the data points can be designated as dominant
sets such that a first overall similarity among internal
members of a subset is higher than a second overall simi-
larity between external data points and the internal data
points. The first and second overall similarities can be based
on the distances resulting from the indexing.

A centroid model is identified at 506 as a preferred cluster
analysis method when the data points are detected to be
predominantly in spherical clusters, while a density model is
identified at 510 as the preferred cluster analysis method
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when the data points are detected to be predominantly in
non-spherical clusters. A K-means algorithm is a non-lim-
iting example of a centroid model, and a DBSCAN algo-
rithm is a non-limiting example of a density model.

The preferred cluster analysis method is promoted at 512,
which can include presenting the preferred cluster analysis
method as a suggestion to a user. Alternatively, the promot-
ing can include automatically performing a cluster analysis
on the data set using the preferred cluster analysis method.

The approaches discussed above can be seamlessly inte-
grated into any column store system, such as for example an
in-main memory high performance database system. As an
illustrative, non-limiting example, the following description
of an overall architecture, update handling, dictionary cod-
ing principles, and memory scan optimizations of such a
system is provided with reference to FIG. 6 and FIG. 7.

FIG. 6 shows a diagram 100 illustrating a layered archi-
tecture of an example of such a system, in which the
database distinguishes between compile time and run time of
a database request similarly to classical systems. As shown
in FIG. 1, the layers can include an engine layer 602, a
column store layer 604, and a persistence layer 606. Mul-
tiple components, such as a transaction manger, an autho-
rization manager, a meta data (replication) manager, session
management, etc., can be clustered around a distributed data
flow execution environment 610. Within this environment,
different sets of plan operators provide an abstraction from
a column-oriented storage model to a corresponding data
model. The engine can support a wide range of different set
of operators ranging from relational operators (for the core
SQL data model) to text or graph processing operators (e.g.
for more elaborated and partially domain and vendor-spe-
cific data models). The general architectural design
decouples the access primitives of the storage system from
the different model-specific views on the data. The set of geo
operators providing the functionality of geo-aware methods
on top of geo-agnostic data structures complements this set
of plan operators and automatically takes advantage of all
functional and non-functional characteristics of the column
store layer.

The column store layer 604 provides a transactionally
consistent view to the engine layer 602 following the
multi-version concurrency control (MVCC) principle. All
operations of a query on top of this layer are transparently
embedded into a sphere of control with access only to the
correct underlying version of data.

The database also includes a write-optimized delta store
and a read-optimized main store. All data modifications are
reflected within the delta store, e.g., inserts of new versions
of existing entities are represented within the delta. Deletes
are either directly reflected in the delta or signaled via an
additional bit-vector for the main store. As the delta grows
over time, a merge process eventually moves delta entries to
the read-optimized main structure. Modifications coming
from the user or directly within the system can be encap-
sulated within the column store layer 604 and transparent for
the engine layer 602.

A column store engine can apply dictionary encoding to
all columns, independent of their cardinality of number of
distinct values. As shown in diagram 700 of FIG. 7, a
column then results in two data structures: a dictionary,
which maps the user-values to Value IDs, and a bit com-
pressed vector with Value IDs representing the columns of
the original table. Due to frequent modifications and its
temporary characteristics, the dictionary of the delta is
unsorted. The dictionary of the read-optimized main, how-
ever, is sorted with respect to the user values. A merge then
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includes two phases. In a first phase, a new dictionary is
constructed, consolidating the entries of the main and delta
dictionaries and generating new Value IDs. In a second
phase, the main bit compressed vectors are recreated by
physically generating a new image of the bit compressed
vector that includes the old entries (ignoring deletes) and
new entries of the delta. Numerous highly optimized ver-
sions of the process exist to speed up the merge process for
specific scenarios. Again, the layer above does not notice
such internal and asynchronous reorganization steps. This
database design can provide a basis for a seamless integra-
tion of data-model specific operators relying on core column
store data structures. All updates, reorganizations, efficient
scan implementations, etc. can be completely transparent for
the engine layer 602 and can be exploited via well-defined
scan methods. This arrangement allows for easy adoption of
the techniques and transfer into other columnar systems.

FIG. 8 shows a block diagram of an in-memory relational
database server 800 consistent with some implementations
of the current subject matter. A connection and session
management component 802 of an in-memory database
system 804 creates and manages sessions and connections
for the database clients 806. For each session a set of
parameters 810 is maintained such as for example auto
commit settings or the current transaction isolation level.
Once a session is established, database clients 806 can use
logical (e.g. SQL) statements to communicate with the
in-memory database system 804. For analytical applications
the multidimensional query language MDX can also be
supported.

Each statement can be processed in the context of a
transaction. New sessions can be implicitly assigned to a
new transaction. A transaction manager 812 can coordinate
transactions, control transactional isolation, and keep track
of running and closed transactions. When a transaction is
committed or rolled back, the transaction manager 812 can
inform the involved engines about this event so they can
execute necessary actions. The transaction manager 812 can
cooperate with a persistence layer to achieve atomic and
durable transactions.

Requests received from the database clients 806 can be
analyzed and executed by a set of request processing and
execution control components 816, which can include a
request parser 820 that analyses a request from a database
client 806 and dispatches it to a responsible component.
Transaction control statements can, for example, be for-
warded to the transaction manager 812, data definition
statements can be dispatched to a metadata manager 822 and
object invocations can be forwarded to an in-memory object
store 824. Data manipulation statements can be forwarded to
an optimizer 826, which creates an optimized execution plan
that is provided to an execution layer 830. The execution
layer 830 can act as a controller that invokes the different
engines and routes intermediate results to a next phase in
execution of the execution plan.

Built-in support can be offered for domain-specific mod-
els (such as for financial planning) scripting capabilities that
allow to run application-specific calculations inside an in-
memory database system. A scripting language, for example
SQL Script 832, which is based on side effect free functions
that operate on tables using SQL queries for set processing,
can be used to enable optimizations and parallelization. The
MDX language 834 can be used to provide support for
multidimensional queries. A planning engine 836 can allow
financial planning applications to execute basic planning
operations in the database layer. An example of a basic
planning operation is to create a new version of a data set as
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a copy of an existing one while applying filters and trans-
formations. For example, planning data for a new year can
be created as a copy of the data from the previous year. This
operation requires filtering by year and updating the time
dimension. Another example of a planning operation can be
a disaggregation operation that distributes target values from
higher to lower aggregation levels based on a distribution
function.

Features such as SQL Script 832, MDX 834, and planning
engine 836 operations can be implemented using a common
infrastructure called a calculation engine 838. Metadata can
be accessed via the metadata manager component 822.
Metadata can include a variety of objects, such as for
example definitions of relational tables, columns, views,
indexes, SQL Script functions, object store metadata, and
the like. All of these types of metadata can be stored in a
common catalog for all stores (in-memory row store, in-
memory column store, object store, disk based). Metadata
can be stored in tables in row store. In multi-tenant systems
and in distributed systems, central metadata can be shared
across servers and tenants as discussed in greater detail
below. How metadata is stored and shared can be hidden
from the components that use the metadata manager 822.

One or more relational engines 840, for example an
in-memory row store 842, an in-memory column store 844,
a disk-based store 846, and the in-memory object store 824
mentioned above can communicate with the request pro-
cessing and execution control components 816, the metadata
manager 822, and the in-memory persistence layer 814. The
row store 842 and column store 844 are each relational
in-memory data engines that can store data in a row-based
or column-based way, respectively. Some data, such as for
example tracing data, need not be kept in memory all the
time. The disk-based store 846 can handle such data. Data in
the disk-based store 146 can be primarily stored in disk
storage 850 and only moved to memory buffers (e.g. the
persistence layer 814) when accessed.

When a table is created, the table can be specified in the
store in which it is located. Table can be moved to different
stores at a time after their creation. Certain SQL extensions
can optionally be available only for specific stores (such as
for example the “merge” command for a column store).
However, standard SQL can be used on all tables. It is also
possible to combine tables from different stores in one
statement (e.g. using a join, sub query, union, or the like).

As row based tables and columnar tables can be combined
in one SQL statement, the corresponding engines must be
able to consume intermediate results created by the other.
Two engines can differ in the way they process data. Row
store operations, for example, can process data in a row-at-
a-time fashion using iterators. Column store operations
(such as for example scan, aggregate, and so on) can require
that the entire column is available in contiguous memory
locations. To exchange intermediate results, a row store can
provide results to a column store materialized as complete
rows in memory while a column store can expose results
using the iterator interface needed by a row store.

The persistence layer 814 can be responsible for durabil-
ity and atomicity of transactions and can ensure that the
database is restored to the most recent committed state after
a restart and that transactions are either completely executed
or completely undone. To achieve this goal in an efficient
way, the persistence layer 814 can use a combination of
write-ahead logs, shadow paging and save points. The
persistence layer 814 can offer interfaces for writing and
reading data and can also contain a logger 852 that manages
the transaction log. Log entries can be written implicitly by
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the persistence layer 814 when data are written via a
persistence interface or explicitly by using a log interface.
An authorization manager 854 can be invoked by other
components of the architecture to check whether a user has
the required privileges to execute the requested operations.
Privileges can be granted to users or roles. A privilege grants
the right to perform a specified operation (such as for
example create, update, select, execute, and the like) on a
specified object (such as for example a table, view, SQL
Script function, and the like). Analytic privileges that rep-
resent filters or hierarchy drill down limitations for analyti-
cal queries can also be supported. Analytical privileges can
grant access to values with a certain combination of dimen-
sion attributes. This could for example be used to restrict
access to a cube with sales data to values with dimension
attributes such as region="US” and year="2010.”

One or more aspects or features of the subject matter
described herein can be realized in digital electronic cir-
cuitry, integrated circuitry, specially designed application
specific integrated circuits (ASICs), field programmable
gate arrays (FPGAs) computer hardware, firmware, soft-
ware, and/or combinations thereof. These various aspects or
features can include implementation in one or more com-
puter programs that are executable and/or interpretable on a
programmable system including at least one programmable
processor, which can be special or general purpose, coupled
to receive data and instructions from, and to transmit data
and instructions to, a storage system, at least one input
device, and at least one output device. The programmable
system or computing system may include clients and serv-
ers. A client and server are generally remote from each other
and typically interact through a communication network.
The relationship of client and server arises by virtue of
computer programs running on the respective computers and
having a client-server relationship to each other.

These computer programs, which can also be referred to
programs, software, software applications, applications,
components, or code, include machine instructions for a
programmable processor, and can be implemented in a
high-level procedural language, an object-oriented program-
ming language, a functional programming language, a logi-
cal programming language, and/or in assembly/machine
language. As used herein, the term “machine-readable
medium” refers to any computer program product, apparatus
and/or device, such as for example magnetic discs, optical
disks, memory, and Programmable Logic Devices (PLDs),
used to provide machine instructions and/or data to a pro-
grammable processor, including a machine-readable
medium that receives machine instructions as a machine-
readable signal. The term “machine-readable signal” refers
to any signal used to provide machine instructions and/or
data to a programmable processor. The machine-readable
medium can store such machine instructions non-transito-
rily, such as for example as would a non-transient solid-state
memory or a magnetic hard drive or any equivalent storage
medium. The machine-readable medium can alternatively or
additionally store such machine instructions in a transient
manner, such as for example as would a processor cache or
other random access memory associated with one or more
physical processor cores.

To provide for interaction with a user, one or more aspects
or features of the subject matter described herein can be
implemented on a computer having a display device, such as
for example a cathode ray tube (CRT) or a liquid crystal
display (LCD) or a light emitting diode (LED) monitor for
displaying information to the user and a keyboard and a
pointing device, such as for example a mouse or a trackball,
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by which the user may provide input to the computer. Other
kinds of devices can be used to provide for interaction with
a user as well. For example, feedback provided to the user
can be any form of sensory feedback, such as for example
visual feedback, auditory feedback, or tactile feedback; and
input from the user may be received in any form, including,
but not limited to, acoustic, speech, or tactile input. Other
possible input devices include, but are not limited to, touch
screens or other touch-sensitive devices such as single or
multi-point resistive or capacitive trackpads, voice recogni-
tion hardware and software, optical scanners, optical point-
ers, digital image capture devices and associated interpre-
tation software, and the like.

In the descriptions above and in the claims, phrases such
as “at least one of” or “one or more of”” may occur followed
by a conjunctive list of elements or features. The term
“and/or” may also occur in a list of two or more elements or
features. Unless otherwise implicitly or explicitly contra-
dicted by the context in which it used, such a phrase is
intended to mean any of the listed elements or features
individually or any of the recited elements or features in
combination with any of the other recited elements or
features. For example, the phrases “at least one of A and B;”
“one or more of A and B;” and “A and/or B” are each
intended to mean “A alone, B alone, or A and B together.”
A similar interpretation is also intended for lists including
three or more items. For example, the phrases “at least one
of A, B, and C;” “one or more of A, B, and C;” and “A, B,
and/or C” are each intended to mean “A alone, B alone, C
alone, A and B together, A and C together, B and C together,
or A and B and C together.” Use of the term “based on,”
above and in the claims is intended to mean, “based at least
in part on,” such that an unrecited feature or element is also
permissible.

The subject matter described herein can be embodied in
systems, apparatus, methods, and/or articles depending on
the desired configuration. The implementations set forth in
the foregoing description do not represent all implementa-
tions consistent with the subject matter described herein.
Instead, they are merely some examples consistent with
aspects related to the described subject matter. Although a
few variations have been described in detail above, other
modifications or additions are possible. In particular, further
features and/or variations can be provided in addition to
those set forth herein. For example, the implementations
described above can be directed to various combinations and
subcombinations of the disclosed features and/or combina-
tions and subcombinations of several further features dis-
closed above. In addition, the logic flows depicted in the
accompanying figures and/or described herein do not nec-
essarily require the particular order shown, or sequential
order, to achieve desirable results. Other implementations
may be within the scope of the following claims.

What is claimed is:

1. A computer program product comprising a non-transi-
tory machine-readable medium storing instructions that,
when executed by at least one programmable processor,
cause the at least one programmable processor to perform
operations comprising:

indexing a data set using a Hilbert curve, the data set

comprising a plurality of data points, the indexing
comprising determining a distance metric for each data
point along the Hilbert curve;

detecting whether the data points are predominantly in

spherical or non-spherical clusters, the detecting com-
prising comparing an amount of the data points desig-
nated as being in dominant sets based on the indexing
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to a threshold value, such that when the amount
exceeds the threshold, the data points are detected to be
predominantly in spherical clusters and when the
amount does not exceed the threshold, the data points
are detected to be predominantly in non-spherical clus-
ters;

identifying a centroid model as a preferred cluster analy-

sis method when the data points are detected to be
predominantly in spherical clusters and a density model
as the preferred cluster analysis method when the data
points are detected to be predominantly in non-spheri-
cal clusters; and

promoting the preferred cluster analysis method.

2. The computer program product of claim 1, wherein the
density model comprises a DBSCAN algorithm and the
centroid model comprises a K-means algorithm.

3. The computer program product of claim 1, wherein the
operations further comprise designating subsets of the data
points as dominant sets such that a first overall similarity
among internal members of a subset is higher than a second
overall similarity between external data points and the
internal data points.

4. The computer program product of claim 3, wherein the
first and second overall similarities are based on the distance
metrics resulting from the indexing.

5. The computer program product of claim 1, wherein the
promoting comprises at least one of presenting the preferred
cluster analysis method as a suggestion to a user and
automatically performing a cluster analysis on the data set
using the preferred cluster analysis method.

6. A system comprising:

computer hardware configured to perform operations

comprising:

indexing a data set using a Hilbert curve, the data set

comprising a plurality of data points, the indexing
comprising determining a distance metric for each data
point along the Hilbert curve;

detecting whether the data points are predominantly in

spherical or non-spherical clusters, the detecting com-
prising comparing an amount of the data points desig-
nated as being in dominant sets based on the indexing
to a threshold value, such that when the amount
exceeds the threshold, the data points are detected to be
predominantly in spherical clusters and when the
amount does not exceed the threshold, the data points
are detected to be predominantly in non-spherical clus-
ters;

identifying a centroid model as a preferred cluster analy-

sis method when the data points are detected to be
predominantly in spherical clusters and a density model
as the preferred cluster analysis method when the data
points are detected to be predominantly in non-spheri-
cal clusters; and

promoting the preferred cluster analysis method.

7. The system of claim 6, wherein the density model
comprises a DBSCAN algorithm and the centroid model
comprises a K-means algorithm.

8. The system of claim 6, wherein the operations further
comprise designating subsets of the data points as dominant
sets such that a first overall similarity among internal
members of a subset is higher than a second overall simi-
larity between external data points and the internal data
points.

9. The system of claim 8, wherein the first and second
overall similarities are based on the distance metrics result-
ing from the indexing.
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10. The system of claim 6, wherein the promoting com-
prises at least one of presenting the preferred cluster analysis
method as a suggestion to a user and automatically perform-
ing a cluster analysis on the data set using the preferred
cluster analysis method.

11. The system of claim 6, wherein the computer hard-
ware comprises:

a programmable processor; and

a machine-readable medium storing instructions that,

when executed by the at least one processor, cause the
at least one programmable processor to perform at least
some of the operations.

12. A computer-implemented method comprising:

indexing a data set using a Hilbert curve, the data set

comprising a plurality of data points, the indexing
comprising determining a distance metric for each data
point along the Hilbert curve;

detecting whether the data points are predominantly in

spherical or non-spherical clusters, the detecting com-
prising comparing an amount of the data points desig-
nated as being in dominant sets based on the indexing
to a threshold value, such that when the amount
exceeds the threshold, the data points are detected to be
predominantly in spherical clusters and when the
amount does not exceed the threshold, the data points
are detected to be predominantly in non-spherical clus-
ters;
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identifying a centroid model as a preferred cluster analy-
sis method when the data points are detected to be
predominantly in spherical clusters and a density model
as the preferred cluster analysis method when the data
points are detected to be predominantly in non-spheri-
cal clusters; and

promoting the preferred cluster analysis method,

wherein the indexing, the detecting, the identifying, and

the promoting is performed by at least one system
comprising computer hardware.

13. The computer-implemented method of claim 12,
wherein the density model comprises a DBSCAN algorithm
and the centroid model comprises a K-means algorithm.

14. The computer-implemented method of claim 12, fur-
ther comprising designating subsets of the data points as
dominant sets such that a first overall similarity among
internal members of a subset is higher than a second overall
similarity between external data points and the internal data
points.

15. The computer-implemented method of claim 14,
wherein the first and second overall similarities are based on
the distance metrics resulting from the indexing.

16. The computer-implemented method of claim 12,
wherein the promoting comprises at least one of presenting
the preferred cluster analysis method as a suggestion to a
user and automatically performing a cluster analysis on the
data set using the preferred cluster analysis method.
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